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A MULTIVARIATE NETWORK IS
NETWORK TOPOLOGY +
NODE AND EDGE
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Find figure without 1/2

Holten and Wijk, 2009
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The State of the Art in Visualizing Multivariate Networks

C. Nobre' (@, M. Meyerl &, M. Streit?®, and A. Lex'®

University of Utah, Utah, USA
2Johannes Kepler University Linz, Austria
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Figure 1: A rypology of operations and layouts used in multivariate network visualization. Layouts describe the fundamental choices for
encoding multivariate networks. View Operations capture how topology and attribute focused visualizations can be combined. Layout
Operations are applied to basic layouts to create specific visualization techniques. Data Operations are used to transform a network or
derive attributes before visualizations. The colors reflect node attributes (orange), edge attributes (purple), and topology (grey).

Abstract

Multivariate networks are made up of nodes and their relationships (links), but also data about those nodes and links as
attributes. Most real-world networks are associated with several attributes, and many analysis tasks depend on analyzing both,
relationships and attributes. Visualization of multivariate networks, however, is challenging, especially when both the topology
of the network and the attributes need to be considered concurrently. In this state-of-the-art report, we analyze current practices
and classify techniques along four axes: layouts, view operations, layout operations, and data operations. We also provide an
analysis of tasks specific to multivariate networks and give recommendations for which technique to use in which scenario.
Finally, we survey application areas and evaluation methodologies.
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Land of Multivariate letworks




MVNV Tasks




How Is an MVN task different than a regular graph task?

MVN Tasks rely on both the of the

network and the attributes of the nodes and edges




C. Nobre



A. Bigelow
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/ C. Nobre

M. Pisareva

M. Streit

How many of my collaborators are from the oceanography field?



A. Blgelow M. I\/Ieyer Y’"’

B. Pickart'

C. Nobre

N. Gehlenborg

M. Pisareva

M. Streit

Which cluster of authors has the highest number of combined collaborations?
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» How many of my collaborators are in the oceanography field?

» Which cluster has the highest number of collaborations?

» What is the fastest route to get all my errands done?

Tasks that rely on the topology of the network
and the attributes of the nodes and edges



MVNV tasks are applied to topological structures
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Network and Attribute Characteristics
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Network Types

Layered Trees




Slide on attribute data types

For node attributes, we distinguish between few (less than five)

and many (more than five), but also give more detailed ranges when
discussing a specific technique.We considered a category for a high
number of attributes (e.g., hundreds), but realized that the same set
of techniques that support five or more attributes well also support
larger numbers of attributes. We also discuss data type properties
when appropriate. We further distinguish between homogeneous
networks with respect to node types, i.e., all nodes are of the same
type (e.g., only actors), and heterogeneous networks, i.e., the network
has more than one node type (e.g., actors and movies).

We categorize analogously for edge attributes, albeit we consider
few to be less than three and many to be three or more attributes.
Finally, we distinguish between homogeneous and heterogeneous
edges.



Taxonomy of Layouts and Operations
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Node-Link Diagram with on-node encoding
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Source Target Type Duration
/‘\ /’%\ Co-workers 3 years
/‘\ w Soccer Coach 2 years
‘g /&\ Dating 1 year
2 w Mother / Son / years

: } ?\\ /f#f\ Friends 12 years
/\%\ A Friends 3 years
%\\ & Married 6 years
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On-Node / On-Edge Encoding
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a/

s easily understood by most users
Works well for all types of networks

On-Node / On-Edge
Encoding

Scalability.
Node size leaves little space to encode attributes.

Recommended for small networks when only a few (usually under five) attributes on the
nodes are shown, or in combination with a zooming/filtering strategy
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Semantic Substrates Shneiderman and Aris, 2006
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Well suited for networks with different

node types or with an important Attribute-Driven

Faceting

categorical or set-like attribute.

Less scalable with respect to the number of nodes
and network density than node-link layouts.

Neighborhoods, paths, and clusters are not easily

visible if they span different facets.

Recommended for networks where nodes can be separated into groups
easily and where these groups are central to the analysis
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Edge Map Dork et al. 2011
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Well suited for quantitative attributes
Attribute-Driven

Positioning

Does not lend itself well to visualizing
the topology of the network.

Recommended for smaller, sparse networks where relationships between node attributes are
paramount to the analysis task, and topological features only provide context
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2 Welcome. This is live code! Click the left margin to view or edit. X

D3 Nov 15, 2017
Bring your data to life.
By @ Mike Bostock

Listed in d3-drag, d3-force, and Visualization 178 forks

Force-Directed Graph

This network of character co-occurence in Les Misérables is positioned by simulated
' forces using d3-force. See also a disconnected graph, and compare to WebCoLa.
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chart = {

data.links.map(d => Object.create(d));
data.nodes.map(d => Object.create(d));

const links
const nodes

const simulation = d3.forceSimulation(nodes)
.force("link", d3.forceLink(links).id(d => d.id))
.force("charge", d3.forceManyBody())
.force("center", d3.forceCenter(width / 2, height / 2));

const sva = d3.create("sva")
L —— e — R
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= Cola.js (A.K.A. "WebColLa") is an open-source JavaScript library for arranging your

HTMLS documents and diagrams using constraint-based optimization techniques.
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developer ggraph

/dzi:.ds1 'ra:f/ (or g-giraffe)

A grammar of graphics for relational data

ggraph is an extension of ggplot2 aimed at supporting relational data structures such as networks, graphs, and trees. While it
builds upon the foundation of ggplot2 and its API it comes with its own self-contained set of geoms, facets, etc., as well as
adding the concept of layouts to the grammar.
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[ ‘h .lll DlOtly |Graphlng Libraries DEMO DASH
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— Help Open Source Graphing Libraries Python Scientific @ Edit this page on GitHub
<

Navigation Create Network Graph

Create random graph

4&V&|DV&Y Create Edges fig = go.Figure(data=[edge_trace, node_trace],

layout=go.Layout (
Color Node Points title='<br>Network graph made with Python',
titlefont_size=16,

Create Network Graph showlegend=False,

hovermode='closest',
margin=dict(b=20,1=5,r=5,t=40),
annotations=[ dict(

Dash Example

Reference
text="Python code: <a href="https://plot.ly/ipython-notebooks/network-graphs/'> https://plot.l

y/ipython-notebooks/network-graphs/</a>",
Back To Python showarrow=False,
xref="paper", yref="paper",
x=0.005, y=-0.002 ) ],
xaxis=dict (showgrid=False, zeroline=False, showticklabels=False),
yaxis=dict(showgrid=False, zeroline=False, showticklabels=False))

)
fig.show()

Network graph made with Python
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Python code: https://plot.ly/ipython-notebooks/network-graphs/




I NetworkX Software for complex networks

developer

NetworkX is a Python package for the creation,
manipulation, and study of the structure, dy- ® e
namics, and functions of complex networks. o © a

python

Features

« Data structures for graphs, digraphs, and multigraphs

« Many standard graph algorithms

« Network structure and analysis measures

« Generators for classic graphs, random graphs, and synthetic networks

« Nodes can be "anything" (e.g., text, images, XML records)

« Edges can hold arbitrary data (e.g., weights, time-series)

« Open source 3-clause BSD license A

« Well tested with over 90% code coverage O

« Additional benefits from Python include fast prototyping, easy to teach, and multi- ( O

B platform

©2014-2019, NetworkX developers. | Powered by Sphinx 2.0.1 & Alabaster 0.7.12 O
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makes graphs handy Home Features Learn Develop Plugins Services Consortium

ﬂmth The Open Graph Viz Platform

4&6‘6'\0( Gephi is the leading visualization and

exploration software for all kinds of graphs and
networks. Gephi is open-source and free.

Runs on Windows, Mac OS X and Linux.

Learn More on Gephi Platform »

r# Download FREE |

Release Notes | System Requirements

» Features » Screenshots
» Quick start P Videos
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Node-Link Activity




Form groups of 3-3 people




Choose 1 node-link technique per group

. 1 .
o® [l It

On-Node / On-Edge Attribute-Driven Attribute-Driven
Encoding Faceting Positioning




Nodes

Name #Tweets Following Account Type

1 Michelle Obama 1,178 18 Person

2  Tina Tchen 428 173 Person

3 Time’s Up 3,092 634 Organization /
4  NowThis 13,530 1,216 Organization
5 Kerry Washington 3,011 676 Person

6 MeToo 330 337 Organization
7  Monica Ramirez 7,839 1,248 Person

8 National Women’s Law Center 3,722 2,698 Organization
9  Justice 4 Migrant Women 1,174 143 Organization
10  Alexandria Ocasio-Cortez 9,182 1,729 Person

*real values except those in italics which have been reduced by a factor of 10 for the purpose of this activity

Edges

Name Name Type Frequency
1 Michelle Obama Tina Chen Mention 2
2 Michelle Obama Time’s Up Mention 2
3 Michelle Obama NowThis Mention 2
4  Michelle Obama Kerry Washington Retweet 2
5 Time’s Up MeToo Retweet 2
6 Time’s Up Tina Chen Mention 2
7  Time’s Up Kerry Washington Retweet 1
8 Time’s Up Justice for Migrant Women Retweet 3
9  Tina Chen Kerry Washington Retweet 1 POSter Boa rd
10  Tina Chen Kerry Washington Mention 1
11  MeToo Monica Ramirez Mention 1
12 MeToo National Women’s Law Center Retweet 2
13 MeToo Justice 4 Migrant Women Retweet 1
14 Justice 4 Migrant Women National Women’s Law Center Mention 1
15 Justice 4 Migrant Women Monica Ramirez Mention 1 _
16 Justice 4 Migrant Women NowThis Retweet | Chalsas s )
17 NowThis Alexandria Ocasio-Cortez Retweet 2 Wash i Ta p e
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Name Beverage Day 1

Tom Beer 5
Jon Coke 4
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Moritz Stefaner, Musli Ingredient Network. https://truth-and-beauty.net/projects/muesli-ingredient-network
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https://truth-and-beauty.net/projects/muesli-ingredient-network
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Alper et al, 2013
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| ® Minneapolis MN MSP £
® ' Des Moines IA DSM |
® ' Fargo ND FAR D ||
o | Sioux Falls SD FSD E
4 ' Bismarck/Ma ND BIS
@ ' Duluth MN DLH
» ' Williston ND ISN .
o ' Hibbing MN HIB Adjacency
L 4 | Aberdeen SD ABR Matrix
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L 4 | Bemidii MN BJI
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T e —p— Kerzner et al, 2017
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POVERTY | INCOME POPULATION REGION DIVISION STATE

East South
New Englal

South Atla
West

East North

Middle Atl;
West Nort

West Sout

Northeast
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South
Arka
Louid
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New
New
Penr1
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Indial
Mich|
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Alab
Kent
Miss|
Tenn
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Mas
New
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South

East South Central

Alabama
Kentuck
Mississi A B C D E
Tenness . ° .
West South Central B
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C
Louisian D .
E

Oklahom

Texas

South Atlantic

West

Northeast Adjacency
New England Matrix

Connect|

Maine

Massac

New Ha
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Safarli and Lex, 2019



April 10,2012 / Mike Bostock

bles Co-occurrence

Sera

/

Les M

aulydoz
ZUBLWIOM
LUBLIOM
uealiepa
Juressnoj
saAwojoy
jepreuay)
a0)dung
alrejnesg
9IIRANOId
Aaseunuod
anjadiad
UeNPIO
uoajoden
|ouAW
yosein|4ieyion
JUB20UUIBYION
assewedjuopy
Hopaww
laipreuay | ‘swp
Aasewnuodewp
ano|beyy awpy
dnojayony awp
uobing owpw
slognep"ajIn

JeuLoud|Ii allN

sunsndeg 9|
snuep
ajuenbiey
uoubepy
jneqen
puewIOUID ]
J9ij0)s
aueqen
ebpnp
ayespuor
Aop

yoaer
neaqes)
Jowanany
BIguy
aJejuRID)
puBwWIOUd||ID)
TV E:TS)
puURIOgeD)
9Y20IARD)
Aino4
ajunoAe
JueAsjeyoney
aunued
linawey
auuod3
sejjolug
eiyeq
ejeARI)
oriAauno)
071epssajunon)

210)oqWon
a|jredayoo)
snosenbe|)
2PIND

LPIYD
naipjiuayd
Jorejdwey)
nenyiewdweyd
uolnug

1ona1g
ajjenieinog
jenssog
9||iAayoe|g
1Sseuoseg
siogejeweg
|esoyeq

leqeg
BWOZUY

A
v

This matrix diagram visualizes

@
£ :
b
z ]
>
o]
T
L)
e ]
o
ju| o
" =
o s}
o B
o s
L
1= .
o L
5] n a|
O mnnl o
o0 =}
= ] n
o a
= =it
&
M =
i} ;l: o
"
. =
O
TFBL=- 0T PLES35228LS
ES52%5 31 5SoE323888%
SHERT3 3 8885 5589
g BT SR E8038° £°83
m%m , O S =
BP0 g = O
»

i o
m =
o [ [ | | ll”l
m o0
] m N
E = =
-
" =
1 M A L]
I lm
1
m " =
|
B m =] 0o
o
" mEE o
o | i o
- n m N
B i
5 =
b
o Cl
= o
=
m Nl
i
T |
= |m]
4 =
=) =l
= E ErE B N
= . =
& B o
o o
=
n n |
|
=
=]
I
o o
.
dmnmsed.snpw mRemh.-lnne mmemsmnqlze
S R
ESg3S2E330QE o 9SSR BESSEs54TEES
8525 g2>3S=58E3c8 SOP5L3HEe3” 33N
3 = WsIEPTPE=EFS C*p EE
3 £5=3gEss mmm
pa =s 575§ ==

Source: The Stanford GraphBase.



Code Issues 2 Pull requests 1 Projects 0 EE Wiki Security Insights

Home it l ..... R J

Jean-Daniel Fekete edited this page on Apr 23, 2015 - 2 revisions

Reorder.js is a library to reorder tables and graph/networks. v Pages (P

Resources

. Home
e |ntroduction

e API| Reference API Reference

Conversion
Browser / Platform Support Core
.. : : _ _ : Gallery
Reorder.js is mainly developed on Chrome and Node.js. Use npm install reorder.js toinstall, and
require("reorder") toload. Graph

Introduction

Installing

LinearAlgebra

Reorder.)s
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|deal for dense and completely
connected networks Adjacency
Matrix

Requires quadratic space with respect to the
number of nodes.

Complexity of choosing the right reordering

algorithm

Recommended for smaller, complex and dense networks with rich node and/or edge
attributes, for all tasks except for those involving paths
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Well suited for layered networks

Links between nonconsecutive layers can be
problematic to integrate and non-intuitive

Recommended for layered or k-partite networks with limited skiplinks.
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Can be used to visualize rich

edge attributes and node

attributes at the same time
BioFabric

More difficult to discover
neighbors and clusters in
Biofabric compared to matrices.

Recommended for small, sparse networks with many nodes and rich edge attributes
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Nodes

Name Following Account Type
1 Michelle Obama 18 Person
2  Tina Tchen 173 Person
3 Time's Up 634 Organization
4  NowThis 1,216 Organization
S5  Kerry Washington 676 Person
6 MeToo 330 337 Organization
7  Monica Ramirez 7,839 1,248 Person
8 National Women’s Law Center 3,722 2,698 Organization
9  Justice 4 Migrant Women 1,174 143 Organization
10 Alexandria Ocasio-Cortez 9,182 1,729 Person

*real values except those in italics which have been reduced by a factor of 10 for the purpose of this activity

Name

Michelle Obama
Michelle Obama
Michelle Obama
Michelle Obama
Time’s Up
Time’s Up

Edges

Name
Tina Chen
Time’s Up
NowThis

Kerry Washington

MeToo
Tina Chen

Type

Mention
Mention
Mention
Retweet
Retweet

Mention

Frequency

Time’s Up Kerry Washington Retweet

Time’s Up Retweet
Tina Chen

Tina Chen

Justice for Migrant Women

1
2
3
4
5
6
7
8
9

Kerry Washington Retweet

[
(—]

Kerry Washington Mention

11 MeToo Monica Ramirez Mention |
12 MeToo National Women’s Law Center Retweet 2
13 MeToo Justice 4 Migrant Women Retweet 1

14  Justice 4 Migrant Women National Women’s Law Center Mention |

Monica Ramirez Mention |

NowThis

15 Justice 4 Migrant Women

16  Justice 4 Migrant Women Retweet 1

17 NowThis Alexandria Ocasio-Cortez Retweet 2



get your own twitter network @

bit.ly/twitter-network




Choose Ad) Matrix or Biofabric
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Nodes
Name Following Account Type
1  Michelle Obama 18 Person
2 Tina Tchen 173 Person
3 Time’s Up 634 Organization
4  NowThis 1,216 Organization
5 Kerry Washington 676 Person
6 MeToo 330 337 Organization
7  Monica Ramirez 7,839 248 Person
8 National Women’s Law Center 3,722 2,698 Organization
9  Justice 4 Migrant Women 1,174 143 Organization
10 Alexandria Ocasio-Cortez 9,182 1,729 Person

*real values except those in italics which have been reduced by a factor of 10 for the purpose of this activity

1
2
3
4
5
6
7
8
9

—_
=

11
12
13
14
15
16
17

Name

Michelle Obama
Michelle Obama
Michelle Obama
Michelle Obama

Time’s Up

Time’s Up

Time’s Up

Time’s Up

Tina Chen

Tina Chen

MeToo

MeToo

MeToo

Justice 4 Migrant Women
Justice 4 Migrant Women
Justice 4 Migrant Women

NowThis

Edges

Name

Tina Chen

Time’s Up
NowThis

Kerry Washington

MeToo

Tina Chen
Kerry Washington

Justice for Migrant Women

Kerry Washington
Kerry Washington
Monica Ramirez

National Women’s Law Center

Justice 4 Migrant Women

National Women’s Law Center

Monica Ramirez

NowThis

Alexandria Ocasio-Cortez

Type

Mention
Mention
Mention
Retweet
Retweet
Mention
Retweet
Retweet
Retweet
Mention
Mention
Retweet
Retweet
Mention
Mention
Retweet

Retweet

Frequency

Edge Tokens

Node Attribute Squares
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20 minutes




Move to your neighbor's matrix/fabric




How many tweets does the person who has the

most connections In this graph have?




Does the person with the least tweets have

more Interactions of type retweet or mention?
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Friends

Name

Mark
Sue
Cole
Jon

Tom

Abby

Beverage

Beer
Coke
Port

Coke
Beer

Port

Day 1

1
0
4
5
2
3



N S

Friends

Name Beverage
Mark Beer
Sue Coke
Cole Port
Jon Coke
Tom Beer
Abby Port

Relationship
Dating
Mother / Son
Co-workers
Soccer Coach
Friends

Friends

Married

Years

M~ W 0O NN W —

Day 1

1
0
4
5
2
3
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Migration Flow Map with Regionalization and Clustering
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Independent views can optimize for | L
topology and attribute independently. Juxt d
uxtapose

Not great for tasks on topological structures
beyond a single node or edge.

Recommended for large networks and/or very large numbers or
heterogeneous types of node and link attributes
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good at integrating attributes with
topology, if the topology can be
represented in a linear layout.

Integrated

Not suitable for networks that can not be sensibly
linearized.

Recommended for networks with several, heterogenous, node attributes
and well suited for tasks on single nodes, neighbors, and paths
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GMaps Gansneretal. 2010
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Bubble Sets Collins et al. 2009



Animation
Set Visualizations and Clutering
High-Dimentional Data Visualizations
Viatrix Visualization
Text Visualizations
Social Visualizations

Overloaded

LineSets Alperetal. 2011
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good at displaying sets and clusters

Integrated

Not suitable for displaying more than one or two
attributes at a time.

Recommended for recommend overloading for the particular use case of
visualizing set-memberships or clusters on top of node-link diagrams
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Not ideal for large networks, or tasks on clusters

Recommended for small networks where the tasks are focused on attribute comparison
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NodeTrix Henry et al. 2007
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GrouseFlocks Archambault et al. 2008
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Can be useful for networks with irregular
degree distribution
Hybrids

Adds complexity since users must parse different
technigues simultaneously.

Recommended for networks with irregular degree distribution and few attributes
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Elzen and Wijk, 2014



Aggregating Nodes/Edges

Node-Link Diagram PivotGraph Roll-up

Wattenberg, 2006
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Interactive Network Wrangling
Alex Bigelow, Carolina Nobre, Miriah Mevyer, Alexander Lex
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Multivariate Network Visualization Techniques

A companion website for the STAR Report on Multivariate Network Visualization Techniques.

HOME TECHNIQUES WIZARD

Use the Wizard

vdl.sci.utah.edu/mvnv/

drolinda NoOpre, wilrian ivievyer, iarl f(= AlNd Alexahder Le

To appear in Computer Graphics Forum (EuroVis 2019)




